The FAMeS (16) datasets simLC, simMC, and simHC simulate three metagenomic communities with different complexities. Each dataset consists of approximately 100,000 Sanger reads with approximate read length 1000 bp randomly selected from 113 sequenced microbial genomes, thus the exact number of reads per species, the origin of every read, and the reference genomes are available. The sequence read data and detailed information for all datasets was downloaded from http://fames.jgi-psf.org. The reference sequences were downloaded from NCBI using the provided Taxon IDs.
"EHEC outbreak", we will refer to the dataset as the EHEC dataset. The EHEC dataset contains 977,971 reads with average length 181.7 bp. Dataset sources are provided in Supplementary Table S6 .
To eliminate the read length differences in the datasets, we trimmed all reads to 80 bp and discarded shorter reads. These reads were used to create 11 datasets with varying E. coli and EHEC concentrations. Each dataset consisted of 400,000 reads, the fractions of E. coli reads were 0.0, 0.01, 0. 05, 0.10, 0.20, 0.50, 0.80, 0.90, 0.95, 0.99, 1 .0, the remaining reads were filled from the EHEC dataset.
We downloaded the following genomes from NCBI: Escherichia coli DH10B, Shigella flexneri, Escherichia fergusonii, Klebsiella pneumoniae, and Pantoea ananatis. For EHEC, we downloaded the draft assembly from the BGI (Beijing Genomics Institute, http://en.genomics.cn/). Accession numbers can be found in Supplementary Table S6 . To calculate the distance matrix, we simulated IonTorrent reads for each reference genome with dwgsim (part of the dnaa package, http://dnaa.sourceforge.net/) using the following command: dwgsim -c 2 -1 80 -2 0 -r 0 -y 0 -e 0.002 -N 500000 -f TACG [reference] [reads] . We chose dwgsim, since, to the best of our knowledge, it is the only simulator which can simulate IonTorrent reads.
Both GASiC and GRAMMy were applied to all 11 datasets using the E. coli, EHEC, and Shigella reference genomes. For GRAMMy, reads were aligned as described in the original paper using BLAT with default settings, the results were then passed to the GRAMMy pipeline to run the EM estimation of the abundances. For GASiC, we used bowtie (20) to align the reads to the reference genomes and analyzed the output SAM (15) files. We used the following command to invoke the alignment: bowtie -S -p 2 -q -3 30 -v 2 [index] [reads] > [samfile] . Note that we allowed up to 2 mismatches in total and discarded the last 30 bp from the read. The results are presented and discussed in the main text, detailed results are provided in Supplementary Table S2 .
We conducted further experiments to demonstrate how GASiC performs under complicated conditions. In the first experiment, we increased the number of phantom references and used all six genomes (see above) to test how robust the results are with respect to the size of the reference sequence database. We report the results in Supplementary Table S3 . GASiC consequently estimates zero abundance and high p-values for all additional genomes, while the estimates for E. coli and EHEC are consistent with the previous experiment (maximum absolute difference < 0.004). We conclude that additional genomes in the reference set seem not affect the accuracy of GASiC's estimates, as long as the correct reference genomes are in the set.
In the second experiment, we enlarged the mixed datasets by adding randomly generated reads. This simulates the situation when a part of the dataset originates from unknown organisms, that have no similarity to the genomes in the reference set. Here we call the set of reference sequences a closed subset of all genomes present in the dataset as we expect no reads belonging to the missing genomes to be ambiguously aligned to the genomes in the reference set. The numbers reported in Supplementary Table S3 show that the additional reads have no influence on GASiC's estimates. Therefore, GASiC should be able to provide reliable estimates in cases when not all reference genomes are available, as long as the missing genomes are not similar to the reference genomes used in the reference set.
In the last experiment, we simulated the case of a missing reference genome with high similarity to the other references. Therefore, we repeated the original experiment, but removed the EHEC genome from the reference set. Abundances were estimated by both GASiC and GRAMMy in order to see how the methods handle this difficult situation. We report the results in Supplementary Table S3 . We observe that both methods have severe problems estimating the true abundance of the reference sequences and respond to the additional EHEC reads by overestimating the abundances of genomes similar to EHEC. Yet, genomes with very small genomic distance (here: Panteoa ananatis) are not affected by the missing reference sequence, corroborating the findings of the previous experiment on closed subsets. Despite these significant problems, GASiC produces less erroneous results than GRAMMy. We conclude that missing reference genomes can severely influence the quality of abundance estimates of both reference based methods, GASiC and GRAMMy. We therefore recommend, when in doubt, adding genomes to the reference set rather than restricting the reference set to a small selection of genomes.
We applied the GASiC quality check step in the experiment with missing EHEC reference and analyzed the read alignments to E. coli and Shigella. The coverage histograms for both reference genomes are shown in Figure 1 and 2, respectively. While both histograms seem to follow a Poisson distribution, Shigella shows unnaturally high values at zero coverage. The high number of uncovered bases in the Shigella genome indicates large areas where no read was matching, which contrasts the areas with high coverage. This is a strong indication that Shigella is not part of the dataset, but E. coli is. This is also visible from the automated warning message generated by GASiC. In this experiment, these warnings indicate that the GASiC estimate (Shigella is present with considerable abundance) may not be trustworthy and that the set of reference genomes may be incomplete and may contain a species with a high similarity to Shigella. This can then serve as a basis for further manual inspection.
As we suggested in the main text, reference genomes can nowadays be obtained by directly assembling new genomes from the metagenomic dataset (2). If the assembly is successful, GASiC is encountered with new challenges, such as a high number of contigs per species, missing parts in the genome, or falsely assembled contigs. We assembled the E. coli reads used for mixing the datasets in this experiment with Mira (21) using default settings for IonTorrent reads. The assembly yielded 711 contigs; 154 of which were longer than 1000bp, summing up to 4.4Mbp (compare: E. coli has 4.6Mbp). We repeated the above mixing experiment using the E. coli contigs longer than 1000bp, the EHEC genome, and the Shigella genome as reference. The results are presented in Supplementary Table S3 . Despite the considerable difference between E. coli assembly and reference genome, GASiC provides almost equal abundance estimates as with the E. coli reference genome available (max. difference < 0.015). This demonstrates GASiC's robustness against incomplete and fragmented reference genomes, as it is typical for assembly. Therefore, we are confident that GASiC is able to provide good abundance estimates also for genomes assembled from metagenomic datasets. Moore et al. (17) analyzed the viral RNA of 40 honeybee pupae, many of them infested by Varroa destructor mites. The viral RNA was purified and the corresponding cDNA was sequenced on an Illumina GAII. The raw data contains 16.8 million paired-end reads with length 72 bp per mate. In addition to the two candidate viruses, Deformed Wing Virus (DWV) and Varroa Destructor Virus-1 (VDV-1), the authors identified two recombinants from DVW and VDV-1: VDV-1 VVD and VDV-1 DVD . The reference genomes of the two recombinants are provided with the read data. All genomes are stored at NCBI, accessions are provided in Supplementary Table S6 . All four viral genomes show a high sequence similarity, ranging from 84% to 96% identical bases. We estimated the similarity of the original sequences and the recombinants via whole genome alignment with Geneious v. 5.5.0 (beta). All similarities are provided in Supplementary Table S4 .
Viral Recombination Experiment
Again, we used Mason to simulate the reads for the calculation of the distance matrix. Due to the short length of the viral genomes, 10,000 simulated reads per virus are enough to cover the whole sequence. The exact command for the simulation was mason illumina -N 10000 -hi 0 -hs 0 -n 72 -sq -o [reads] [reference] .
As for the E. coli dataset, we used bowtie to align the reads to the reference genomes. To reduce the computational effort, we only used the first mate of every read pair and discarded the second mate. In the original dataset, both mates are concatenated as one contiguous sequence; to only align the first mate, we ignored the last 72 bp of each read via -3 72. The complete command was bowtie -S -p 4 -q -3 72 [index] [reads] > [samfile] . To align the simulated reads for the calculation of the distance matrix, we simply omitted the -3 72 parameter.
To compare GASiC's results to the qRT-PCR estimates, we used the data reported in Table 1 in Moore et al. (17) . Under the assumption that the virus levels are comparable for each bee, we calculated the relative virus levels for each bee individually and then averaged over all 25 bees.
We performed two experiments with GASiC: in the first experiment, we used all involved genomes as reference (DWV, VDV-1, VDV-1 VVD and VDV-1 DVD ) and in the second, we used only DVW and VDV-1 as reference. We aligned the provided read data to both reference sets and analyzed the results with GASiC. The total runtime (incl. alignment) was 41 minutes on one CPU. The peak RAM consumption was 1.3 GB. The scope of the first experiment was to produce abundance estimates for all viral genomes and to compare the estimates to the experimentally obtained virus levels. In the second experiment, we tried to replicate the situation before knowing the genome sequences of the recombinants. We report detailed results for both experiments in Supplementary Table S5 and discuss the results of the first experiment in section Viral RNA Quantification in the main text.
In the second experiment, the correction by GASiC is very small, caused by a low genomic similarity as observed by the alignment tool (0.24) in the calculation of the distance matrix. The alignment based similarity must not be confused with the per base similarity as reported in Supplementary  Table S4 , since we used bowtie as alignment tool, which is not able to align reads with InDels and more than 2 errors (e.g. SNP). Therefore, both genomes, DVW and VDV-1, obtain about equally many reads and seem to be present in the dataset. This demonstrates that GASiC requires all involved highly similar genomes to be present in the dataset and does not allow detecting new recombination events.
For completeness, we applied GRAMMy on the Viral Recombination dataset. To this end, we aligned the first mate of each read (as for GASiC) to all four reference genomes using BLAT with default settings. The results were then passed to the GRAMMy pipeline to run the EM estimation of the abundances. The total runtime of the GRAMMy pipeline was 133 minutes on one CPU, the peak RAM consumption was 7.5 GB. We report GRAMMy's and GASiC's estimates jointly in Supplementary Table S5. 
